Background: Orientation and the degree of isotropy are important in many biological systems such as the sarcomeres of cardiomyocytes and other fibrillar structures of the cytoskeleton. Image based analysis of such structures is often limited to qualitative evaluation by human experts, hampering the throughput, repeatability and reliability of the analyses. Software tools are not readily available for this purpose and the existing methods typically rely at least partly on manual operation. Results: We developed CytoSpectre, an automated tool based on spectral analysis, allowing the quantification of orientation and also size distributions of structures in microscopy images. CytoSpectre utilizes the Fourier transform to estimate the power spectrum of an image and based on the spectrum, computes parameter values describing, among others, the mean orientation, isotropy and size of target structures. The analysis can be further tuned to focus on targets of particular size at cellular or subcellular scales. The software can be operated via a graphical user interface without any programming expertise. We analyzed the performance of CytoSpectre by extensive simulations using artificial images, by benchmarking against FibrilTool and by comparisons with manual measurements performed for real images by a panel of human experts. The software was found to be tolerant against noise and blurring and superior to FibrilTool when analyzing realistic targets with degraded image quality. The analysis of real images indicated general good agreement between computational and manual results while also revealing notable expert-to-expert variation. Moreover, the experiment showed that CytoSpectre can handle images obtained of different cell types using different microscopy techniques. Finally, we studied the effect of mechanical stretching on cardiomyocytes to demonstrate the software in an actual experiment and observed changes in cellular orientation in response to stretching.
Background
Oriented features, such as various fibrillar structures of the cytoskeleton and the extracellular matrix, are frequent in biological systems but their analysis is often limited to subjective assessment by human experts [1] . Such procedures are not only typically too arduous to allow high-throughput studies but their reliability and repeatability are also questionable. Both optical techniques and software tools have been developed to obtain quantitative information in repeatable and automated manner. The software approach is advantageous in the sense that instead of using special instruments, the analyses can be performed for images captured with routinely used microscopy techniques. The proposed computational methods typically rely either on intensity-based segmentation, partial derivative approaches or spectral analysis. Separating individual objects from the image by segmentation is often difficult due to intensity variations and the presence of interfering high intensity features. Methods utilizing different forms of partial derivatives, on the other hand, detect the sharp changes in pixel intensity near the edges of oriented structures. The directions of intensity gradients can then be used as a measure of orientation in a particular image region. Methods of this family have been used to analyze e.g., myofiber arrangement in cardiac tissue [2] , orientation of endothelial cells subjected to fluid flow [3] , the organization of collagen fibers in the adventitia of arteries [4] and the orientation of fibrillar structures in plant cells [1] . Methods of the third class are markedly different, as instead of processing the images in the original spatial domain, they transform each image into an alternative frequency domain representation by decomposing the image into a spectrum of periodic components. This spectrum is called the power spectrum or power spectral density (PSD) of the image. By analyzing the PSD, one can estimate the orientation distribution of the different structures present in the image. Moreover, the PSD also contains information which can be related to the size of the structures. Spectral methods have been applied to the analysis of e.g., collagen and other fibers in different tissues and biomaterials [5] [6] [7] [8] [9] [10] , myocytes subjected to magnetic fields [11] , the contractile cytoskeleton of stem cell derived cardiomyocytes [12, 13] , neurite development [14] and keratoconic corneas [15] . In addition to these main classes of methods, approaches combining spatial and frequency domain analysis steps have been reported [16, 17] .
Despite their numerous possible applications, few of the published methods are currently available in the form of user-friendly software. Previously published general purpose tools include the ImageJ [18] plug-ins FibrilTool [1] and OrientationJ [4] , which allow the quantification of orientation distributions based on intensity gradients. Although highly useful in many applications, these methods still require significant manual operation in the form of selecting cells or regions of interest, or tuning of multiple parameters that lack any physical interpretations. Moreover, to the best of our knowledge, there are no publicly available tools utilizing spectral analysis for this purpose. In the case of images with heterogeneous content, such as complete cells with different subcellular structures visible, the possibility of separately examining features that fall into different spatial frequency bands could be highly beneficial. Such an approach would allow 'unmixing' of different image features that would otherwise all contribute to the final result of the analysis. This cannot be accomplished with spatial methods without significant image preprocessing steps. Such a tool could also take advantage of the capability to simultaneously analyze orientation and spatial frequency distributions, a feature of spectral analysis that has been mostly overlooked in previous studies. Spatial frequencies can be further transformed into wavelengths, which can be more easily interpreted to derive measures of object dimensions. Spectral methods are also relatively insensitive to noise [1] and can be flexibly adapted to different applications in a computationally efficient manner [9] .
To enable spectral analysis of oriented features on both cellular and subcellular level with minimal user intervention, we developed a flexible software tool, CytoSpectre. CytoSpectre can be operated in highly automated fashion via a graphical user interface (GUI) on basic desktop computers without prior image processing expertise. In addition to the conventional approach of analyzing the whole power spectrum, dominated by the gross properties of the image, CytoSpectre extracts spectral regions representative of more detailed features such as fibrils or other intracellular structures. The obtained orientation and wavelength distributions and corresponding summary statistics can be easily exported in various formats for further study. To quantitatively measure the performance of CytoSpectre, we developed a simulation test bench capable of generating hundreds of artificial microscopy images with varying characteristics. We analyzed the performance of the software by an extensive set of simulations based on a large library of these computergenerated images and also by benchmarking against Fibril-Tool [1] , a state-of-the-art orientation analysis tool. In the case of real images, performance of the software was validated by comparing computational and manual results for fluorescence and phase contrast images of human induced pluripotent stem cell (hiPSC) derived cardiomyocytes (hiPSC-CM) and peripheral sensory neurons (hiPSC-PSN). Finally, we demonstrated the functionality of the software in an actual experiment by studying the response of hiPSC-CMs to cyclic uniaxial stretching.
Implementation
CytoSpectre was developed using MATLAB R2014a (The MathWorks, Inc., Natick, MA, USA) and it can be used either under MATLAB or as a standalone 64-bit Windows 7 application. The standalone application may be used free of charge for the purpose of academic research even without a MATLAB license by installing the MATLAB Compiler Runtime library, which can be obtained automatically during installation. The installer for the standalone deployed application is provided in Additional file 1 and the MATLAB source codes in Additional file 2. Instructions for operating the software are given in the user's guide in Additional file 3. CytoSpectre can be operated either via the MATLAB command line or via a graphical user interface. A screenshot of the CytoSpectre GUI during a typical analysis session is shown in Fig. 1 . The GUI features controls for importing and examining images, customizing analysis settings, running the analysis and for exporting results. Analysis results are also presented in graphical form as plots. The computation time required for a single image of typical size (see the Results and Discussion section for details) on a basic laptop PC (equipped with an Intel Core™ i5 processor) was approximately 2-3 s in our experiments, allowing even large datasets to be analyzed without special hardware. The main analysis steps performed for each image are illustrated in Fig. 2 and described in the following sections. More detailed information concerning each step of the analysis can be found in the user's guide and the supplementary information provided in Additional file 3 and Additional file 4, respectively.
Importing images and selecting analysis settings Fig. 1 CytoSpectre graphical user interface. The GUI allows users to import (far left) and examine images (upper left, cell outline obtained from a segmentation mask is shown in red). Analysis settings and morphological parameters for each cell are shown in tables (upper right). The orientation and wavelength distributions are presented as plots and as summary statistics (middle). The GUI also features controls for running analyses and exporting results (bottom right) dividing the camera pixel size by magnification. A number of other settings controlling the analysis may also be adjusted but based on a sensitivity analysis using simulated images the results produced by the software are not overly sensitive to the exact values of these settings (see Additional file 4 and Additional file 5). More information on these settings is available in Additional file 3 and Additional file 4. Once suitable settings have been found, CytoSpectre allows them to be stored in a user profile file, which can then be loaded during later analysis sessions. This feature also makes it easy to store favorite settings suitable for different types of images.
Importing cell segmentation data and analyzing cellular morphology
In addition to analyzing complete images as a whole, CytoSpectre allows the spectral analysis to be performed on a cell-by-cell basis. This can be accomplished by providing CytoSpectre with cell segmentation data in the form of mask images, along with the actual images. The mask images can be either binary images or label images. Binary images show background pixels in black and pixels belonging to cells in white. In that case, CytoSpectre assumes that each connected region of white pixels represents a single cell. Alternatively, the mask image can have labels for each cell, allowing the separation of touching cells. That is, in label images, background pixels have an intensity value of zero, pixels belonging to the 'first' cell have a value of one, pixels belonging to the 'second' cell have a value of two and so on. In addition to the spectral analysis, basic descriptors of cellular morphology, such as cell area, perimeter and eccentricity are computed for each cell. A large number of image processing and analysis tools, for example ImageJ [18] and CellProfiler [19] , are available for performing the actual segmentation step. In some cases, the segmentation masks may even be formed manually. Since specialized tools fine-tuned for a particular application are often required for successful segmentation, we did not choose to include any single tool as an integral part of CytoSpectre. Instead, users can freely perform the segmentation step using tools they have found suitable and import the final results into CytoSpectre as mask images. However, the segmentation step is optional and in most cases it is probably sufficient to analyze the complete image as such, especially if only a single cell is present in the image.
Spectral estimation
The PSD of the image is estimated using Welch's method, also known as Weighted Overlapped Segment Averaging (WOSA) [20] , with 50 % overlap between neighboring segments. The size of the segments, controlling the tradeoff between spectral resolution and stability, can be selected by the user from five different options: maximum resolution, high resolution, balanced, low noise or minimum noise. In most cases, the balanced setting is appropriate. Circularly symmetric Hann windowing is applied to each segment before computing its Discrete Fourier Transform (DFT) in order to reduce spectral leakage. If cell segmentation is enabled, background pixels are set to zero prior to spectral estimation. For more convenient processing during later analysis steps, the PSD is then transformed into polar coordinates.
Separation of spectral components
CytoSpectre separates two components from the polar PSD, which we refer to as the mixed component and the detail component. The mixed component represents all features of the image present in the range of spatial frequencies dictated by upper and lower cutoff frequencies. By default, these frequency cutoffs are employed merely to exclude extremely low spatial frequencies, which typically only contain uninteresting, poorly resolved features [5, 6] or windowing artefacts [21] . However, the cutoff values may also be adjusted by specifying corresponding wavelength cutoffs. This may be desirable e.g., to exclude high-frequency noise or to focus the analysis on a particular wavelength range of interest. Analyzing the mixed component is appropriate for images having relatively homogeneous content such as a confluent layer of cells in a phase contrast micrograph. Inspecting the mixed component can also be a good starting point for any analysis. The detail component, on the other hand, represents some particular group of structures with a limited range of spatial frequencies and/or orientations, such as intracellular fibrils of given size. If present in the image, such structures are reflected in the power spectrum as more or less contiguous regions of high intensity relative to background. The aim of the detail component extraction procedure is to separate these regions from the rest of the power spectrum, allowing the user to obtain results that more specifically represent the structures of interest. The main advantage of this approach is that it allows the exclusion of interfering spectral components arising from, for example, the contours of a cell's cytoplasm or from variations in fluorescent background signal across the image. CytoSpectre uses an iterative method, bearing some resemblance to a Bayesian classifier and segmentation algorithms based on region growing, to separate the spectral region corresponding to the detail component. If an estimate of the size of the targets of interest is available a priori, this information can be provided as a wavelength guess to guide the algorithm. The procedure, illustrated in Fig. 3 , consists of first forming an estimate of spectral background using an approach based on smoothing the actual PSD estimate. The background estimate is utilized to obtain a probabilistic representation of the PSD. 'Posterior probability' of belonging to the detail component spectral region is obtained for each spectral element by multiplying the probabilistic PSD with a 2D Gaussian 'selector function' , whose role is similar to a prior in a Bayesian classifier. Initial parameters of the 2D Gaussian are estimated based on the circular statistics of the PSD and a 1D peak fitting step. An initial estimate of the detail component spectral region is then formed by thresholding the 'posterior probabilities'. The region is then adapted to the actual shape of the spectral area of interest by modifying the 2D Gaussian at each iteration, based on the circular statistics of the spectral region extracted during the previous iteration. Technical details of the procedure are described in Additional file 4.
Orientation and wavelength analysis
After the mixed and detail spectral component have been extracted from the polar power spectrum, their spectral elements are averaged over all spatial frequencies and all orientations to obtain one-dimensional distributions of orientations and spatial frequencies, respectively. For the orientation distribution, summary statistics are computed using the functions provided by the CircStat toolbox [22] . In addition to the mean orientation, given in degrees, they include circular variance and angular standard deviation, which are two alternative measures of isotropy, as well as circular skewness and circular kurtosis, which are indicative of the symmetry and peakedness of the orientation distribution, respectively. More information on these parameters is available in Additional file 3 and Additional file 4. The spatial frequency distribution is first transformed into a wavelength distribution, which in turn reflects the size distribution of target structures, and descriptive statistics (mean, median, mode and standard deviation) are then computed. The wavelengths are given in micrometers by default, but the preferred unit can be selected by the user.
Examining and exporting results
After finishing an analysis run, the estimated orientation and wavelength distributions can be examined as plots via the CytoSpectre GUI together with summary statistics. If segmentation is enabled, allowing analysis of cellular morphology, the corresponding statistics are also shown in tabular form for each cell. The power spectrum can also be examined visually in order to spot interesting spectral features, which may then be extracted by tuning the wavelength cutoffs and/or the expected detail component wavelength range. CytoSpectre allows the user to export the analysis results in a variety of formats. Summary statistics can be easily exported to spreadsheets or plain text files for further study. The analysis settings used to obtain the results are also stored in these files. In addition, the user can export plots of the estimated orientation and wavelength distributions as images for visualization purposes. It is also possible to export the actual orientation and wavelength distribution values in plain text files, allowing customized analysis pipelines to be developed utilizing external software.
Results and discussion
Performance on synthetic phase contrast microscopy images of cell clusters
The performance of orientation analysis algorithms has typically been assessed using simple computer-generated test images featuring randomly placed Gaussians, ellipsoids or lines [1-3, 5, 7, 9, 10, 15] . In line with this traditional approach, a MATLAB script was used to generate 1000 synthetic images featuring randomly placed twodimensional Gaussian functions as targets, resembling clusters of cells in a phase contrast microscopy image. The sizes, aspect ratios and orientations of the Gaussians were obtained by sampling from normal and von Mises distributions with parameters varying from image to image to create a diverse set of test images. The approximate mean width of these artificial cells varied between 10 and 50 μm from image to image. In the remainder of the article, we refer to this set of images as the 'cell cluster dataset'. The test images were then analyzed using CytoSpectre with and without different types of image quality degradations and the estimated values were compared with the true values. In the comparisons, we used the values estimated for the mixed component, as the sizes of the targets in a single image were not particularly limited to a certain band of wavelengths and the images do not contain any other structures besides the targets of interest. To simulate reallife processes leading to image quality degradation in microscopy, signal-dependent Poisson distributed noise and additive white Gaussian noise were added into the synthetic images [23] . In addition to noising, blurring was applied by filtering the images with a Gaussian filter to simulate the effects of imperfect focus, leading to loss of sharp details in the images [1] . Each of the degradation operations was performed for all 1000 images and the images were then analyzed by CytoSpectre to quantify the effects of degraded image quality. The analysis settings used for the original images were not adjusted in any way for the degraded images. A detailed description of the synthetic image generation and degradation process is given in Additional file 4 while full numerical data and the used analysis settings from these experiments are provided in Additional file 6. First, we analyzed the images without any degradation. The results of this experiment are summarized in Table 1 . For each parameter, we calculated the means and standard deviations of the errors. To allow comparisons between different parameters having different numerical values, we (See figure on previous page.) Fig. 3 Flowchart of the detail component extraction procedure. An estimate of spectral background (topmost right) is first obtained by applying a smoothing operation on the PSD (topmost middle) of the input image (topmost left). The PSD is then converted to probabilistic form (center) based on the values of the PSD relative to spectral background. An initial 2D Gaussian 'selector function' (iteration 1, top row) is formed based on parameters estimated from the PSD. The 2D Gaussian is multiplied with the probabilistic PSD to obtain 'posterior probabilities' of belonging to the detail component region (iteration 1, middle row). A threshold of 0.5 is then applied to the 'posterior' to obtain the initial detail component region (iteration 1, bottom row; region outlined in red). The process then proceeds in iterative manner. Parameters for the 'selector function' used during the second iteration (iteration 2, top row) are estimated based on the detail component spectral region obtained during the first iteration. The same steps are then repeated during each iteration until the parameters of the 'selector function' reach convergence at a certain threshold (in this case after four iterations) or the maximum number of allowed iterations is reached. The final estimate of the detail component spectral region is retained for further analysis steps. The x-axis in all of the spectral plots indicates spatial frequency in μm −1 while the y-axis indicates orientation in degrees. The values of the PSD, spectral background and the detail component region plots are given in arbitrary units. The values of the probabilistic PSD, the Gaussian 'selector function' and the 'posterior' plots are given as probabilities, as indicated by the color bar on the right-hand side of the probabilistic PSD also computed the corresponding statistics for normalized errors, which were obtained by normalizing the errors relative to the full range of the true values of each parameter. Moreover, we computed Pearson's linear correlation coefficient between the true and estimated values for each parameter. In the case of the mean orientation, which is the only parameter defined on a circular scale, only the absolute errors were analyzed. The results show that the mean orientation could be estimated with an accuracy that is highly likely to be sufficient for most applications since errors on the order of a few degrees are probably overshadowed by biological or technical variation in most experiments. It should be noted that we did not exclude even highly isotropic test images from this analysis. In the most extreme cases, the structures are so isotropic that even the true mean orientation is not really indicative of any preferred orientation which can result in large, more or less random errors for such images. The obtained orientation error values can therefore be seen as rather pessimistic. The other orientation and wavelength parameters, except for circular skewness, exhibit relatively high mean errors, indicating that the numerical values of these parameters should be interpreted with caution. However, the linear correlation coefficients are acceptable for all parameters, ranging from~0.42 to~0.95, which indicates that the errors are mostly attributable to systematic bias. This means that the estimated values can still be useful in experiments where a point of comparison is available. For example, values obtained from samples treated with a chemical of interest could be compared to a non-treated control sample. As such a comparative experimental setup including control samples is typical for many biological assays we feel that the high systematic bias in most of the estimated parameters is not a major issue, as long as the user acknowledges the fact that the numerical values should not be interpreted without a point of reference. Moreover, even in the absence of any systematic bias, interpreting many of the parameters (e.g., circular variance) directly based only on their numerical values would probably be possible only for a statistics expert with previous experience of working with such measures. In other words, as the answer to the question of whether a particular value of circular variance, for example, is 'high' or 'low' is usually relative and depends on the case at hand, strong linear dependence between true and estimated values is much more important than the amount of systematic bias.
Images with different levels of blurring were obtained by filtering with Gaussian kernels having different standard deviation values, ranging from 0.5 to 5 pixels. Errors in the estimated parameter values obtained at different levels of blurring are plotted in Fig. 4a . An example of a moderately blurred image is shown in Fig. 4d . The effect of blurring on the results was negligible for all of the parameters with both the mean and the standard deviation of the errors staying almost constant. Images with different levels of additive white Gaussian noise were obtained by adding noise with zero mean and normalized variance ranging from 0.25 to 2.5 %. These values correspond to approximate standard deviations of 13 and 40, respectively, on the absolute 8-bit intensity scale (0-255). Errors in the estimated parameter values obtained in the presence of different amounts of Gaussian noise are plotted in Fig. 4b while an example of an image with moderate Gaussian noise is shown in Fig. 4e . The estimates of parameters describing the orientation distribution, especially the mean orientation and circular skewness, are able to tolerate even extreme amounts of Gaussian noise with only a moderate increase in error. The wavelength statistics, on the other hand, are more sensitive towards Gaussian noise. In the case of the mean, median and mode of the wavelength distribution, the mean errors actually decrease with increased noise but at the same time, the standard deviation of the error increases, indicating increased random variation. Finally, images with different levels of signal-dependent Poisson noise were obtained as in [23] by using scaling factors ranging from 2 to 20 during the noise generation process. Errors in the estimated parameter values obtained in the presence of different levels of Poisson noise are plotted in Fig. 4c while an example of an image with moderate Poisson noise is shown in Fig. 4f . Overall, the effect of Poisson noise on the results is very similar to that of Gaussian noise. It should be noted, that the more extreme amounts of noise and blurring tested in these experiments represent a worst case scenario, which would rarely be encountered in practice unless there was a technical problem with the imaging system.
Performance on synthetic fluorescence microscopy images of cells with intracellular fibrillar structures
In addition to the more traditional performance evaluation with simple 2D Gaussian targets, the performance of the software was also evaluated with more sophisticated test images containing 2D Gaussian subunits organized into intracellular fibrillar structures. SimuCell [24] was used to generate synthetic images of cells and nuclei, and an inhouse developed MATLAB algorithm was utilized to construct the fibrillar structures within the cells. As a result, a library of 1000 images with characteristics imitating those of fluorescence microscopy images captured from cells with immunostained intracellular fibrils was generated. Similarly to the cell cluster dataset, random sampling from normal and von Mises distributions was used to generate images with different fibril orientations and isotropy, different numbers of fibrils and fibril subunits, and different fibril subunit sizes and spacing. In the remainder of the article, we refer to this set of images as the 'fibril dataset'. In the case of this dataset, the targets of interest are present within a particular range of wavelengths and there are interfering features in the image, namely the nucleus and the cell borders. This allowed us to try focusing the analysis to the targets by using the detail component values rather than the mixed component, which would also include contributions from the interfering structures. The image quality degradation experiments performed for the cell cluster dataset were repeated for the fibril dataset. Whenever the detail component could not be detected, the image in question was excluded from the analysis. The total number of excluded images varied between zero and four (corresponding to 0-0.4 % of all images) depending on the type and severity of the degradations. The largest number of four exclusions was actually observed for the non-degraded images, which is probably a consequence of the less natural spectra of these images. A detailed description of the synthetic image generation and degradation process is given in Additional file 4 while full numerical data and the used analysis settings from these experiments are provided in Additional file 6.
Similarly to the cell cluster dataset, the images of the fibril dataset were first analyzed without any image quality degradation. The results of this experiment are summarized in Table 2 . The errors of the estimated mean orientations were slightly higher than for the cell cluster dataset but the mean error is still less than two degrees. This is again a pessimistic value, as even the most isotropic cells are included in the analysis. The other orientation distribution parameters exhibited low errors as well, with all of the normalized mean errors below 5 %. Linear correlation coefficients between the true and estimated circular variance, angular standard deviation and circular kurtosis were rather high, ranging from~0.53 to~0.65, while circular skewness exhibited a moderate correlation of~0.34. The decrease of systematic bias relative to that observed for the cell cluster dataset and the mixed component is probably explained by the ability of the detail component to capture only the relevant part of the power spectrum, which appears to be representative of the targets of interest, while decreasing the contributions of irrelevant parts of the spectrum. In the case of the wavelength parameters, the strong improvement was limited to the wavelength mode. The wavelength mode had a mean error of only 6.1 nm (with the size of the targets being on the order of a few micrometers) or 0.54 % of the full range of true values. As the simulated images have a pixel size of 170 nm, this level of error indicates subpixel accuracy for the majority of the images. A high linear correlation coefficient of~0.78 also indicated that the estimated wavelength mode reflects the true values reliably. The mean, median and standard deviation parameters of the wavelength distribution did not show similarly improved results, however, with weak or non-existent correlations ranging from~0.09 to~0.19. Based on these results, when using the detail component to separate targets of interest from the image, the orientation parameters may be used with confidence but the wavelength statistics, excluding the mode, should be treated with caution. The mode of the wavelength distribution, however, reliably indicates the typical size of the targets (See figure on previous page.) Fig. 4 Simulation results for the cell cluster dataset. Errors (mean ± standard deviation) between estimated and actual values for each parameter using images of the cell cluster dataset (N = 1000). The errors are shown for images blurred with Gaussian kernels having standard deviations from 0 to 5 pixels (a), images with additive white Gaussian noise having normalized variances from 0 to 2.5 % (b) and images with Poisson distributed noise at levels 0-20 (c). For the mean orientation, the errors are absolute and given in degrees. For the other parameters, the errors were normalized by the range of true values. Examples of images with moderate blurring (std 2.5 pixels) (d), Gaussian noise (var. 1 %) (e) and Poisson noise (level 10) (f) are shown of interest. This was expected, as the mode has been used previously e.g., as a measure of the sarcomere length of cardiomyocytes [12] .
The effects of blurring, Gaussian noise and Poisson noise on the results of the fibril dataset are visualized in Fig. 5a -c with example images shown in Fig. 5d -f. As opposed to the cell cluster dataset, serious blurring increased the errors of most parameters. This is natural, as the fibril subunits are much smaller and closer to each other than the Gaussian targets of the cell cluster dataset. Sharper images are therefore required to properly capture these detailed structures. However, the errors only start to increase markedly after the blur kernel standard deviation is increased beyond 2-3 pixels while less severe blurring is still tolerated well. Moreover, increased blurring smoothly increases the errors rather than causing sudden, complete breakdown of the detail component detection procedure. Tolerance against even extreme amounts of Gaussian and Poisson noise, on the other hand, is very high as none of the estimated parameters exhibit any clear sensitivity to either type of noise. The adverse effects of severe noise observed in the case of the cell cluster dataset are probably avoided due to the ability of the detail component to again extract only the relevant part of the power spectrum, decreasing the relative contribution of noise.
Validation using real fluorescence microscopy images of hiPSC-derived cardiomyocytes
Two sets of real images of hiPSC-CMs with different immunofluorescent stainings were used to validate the performance of CytoSpectre with fluorescence microscopy images. Spontaneously beating hiPSC-CMs were differentiated by END-2 co-culture method [25] from hiPSCs reprogrammed from skin fibroblasts [26] . Differentiated hiPSC-CMs appeared as beating clusters in co-culture after 15 days of initiation of differentiation. These clusters were cut, dissociated and cultured as single hiPSC-CMs [27] . Cultured cells were fixed and stained by immunocytochemistry with cardiac specific antibodies binding on the sarcomere structures of hiPSC-CMs. Samples were imaged with Zeiss AxioScope.A1 fluorescence microscope with Zeiss AxioCam MRc5 using 2 × 2 binning and an effective pixel size of 6.8 μm. The first set (validation set 1) included 15 images at 20× and 40× magnifications, stained with DAPI and antibody labels for cardiac Troponin T and α-actinin. An example image from this set is shown in Fig. 6a . The second set (validation set 2) included 15 images at 40× magnification, stained with DAPI and labels for cardiac Troponin T and Myosin binding protein C3. In these images, the striated sarcomere patterns were clearly visible. An example image is shown in Fig. 6b . A detailed description of the experimental methods is given in Additional file 4. Validation sets 1 and 2 were analyzed by 12 human experts, i.e., researchers working with hiPSC-CMs, based only on visual examination of the images. The experts were asked to give an estimate of the mean orientation of the intracellular myofibrils present in the images. The experts also had the option of leaving the mean orientation unspecified in the case of cells exhibiting a high degree of isotropy (i.e., lacking any preferred orientation). Some experts also specified multiple main orientations for a single cell, in which case circular averaging was used to obtain a single mean orientation value for each image. In addition to estimating the mean directions, the experts were asked to rank the images of each set based on the anisotropy of the myofibrils. We limited ourselves to analyzing the mean orientation and anisotropy only, since estimating the wavelength parameters (e.g., sarcomere length) would have been highly challenging based on visual examination and the value of such results would have been questionable. The images were then analyzed using CytoSpectre and the computational results were compared with the expert evaluation. Full numerical data and analysis settings for these experiments are provided in Additional file 7. The myofibrils visible in the images of the validation set 1 were not limited to any clearly specific band of wavelengths in the power spectrum. We therefore analyzed the mixed component using a relatively broad wavelength range from 1 to 5 μm. This selection allowed us to exclude noise and irrelevant structures present at high spatial frequencies (i.e., short wavelengths) as well as structures much larger than the myofibrils, such as the nucleus and the shape of the entire cell. The mean orientations estimated by CytoSpectre were then compared with the manual estimates of each expert. We excluded the most isotropic images from this analysis, since mean orientation is not a meaningful quantity for highly isotropic cases. If ¼ or more of the human experts were unable to specify the mean orientation for an image, the image was excluded. Based on this criterion, 11 images were retained. The distributions of absolute differences between manual and computational mean orientations are visualized for each expert in Fig. 6d . The combined difference averaged over all experts and all images was 15.6°± 14.6°(mean ± standard deviation). This Fig. 6 Results for real images. Examples of hiPSC-CMs from validation set 1 (a) and validation set 2 (b), imaged using fluorescence microscopy, are shown. An example of hiPSC-PSNs, from validation set 3, imaged using phase contrast imaging is shown in (c). The distributions of absolute differences in degrees between mean orientations estimated by CytoSpectre and by each human expert are plotted in (d), (e) and (f) for images of validation set 1 (N = 11), validation set 2 (N = 10) and validation set 3 (N = 10), respectively. If ¼ or more of the human experts were unable to specify the mean orientation for an image, the image was excluded from this analysis. The red line is the median, the edges of the blue box are the 25th and 75th percentiles and the whiskers extend to 1.5 times the interquartile range (corresponding to approximately 99.3 % coverage for normally distributed data). Values beyond these limits are considered outliers and are plotted as red crosses. Pearson's linear correlation coefficients between anisotropy rankings estimated by human experts and circular variance values estimated by CytoSpectre (CS) for each human-human or CS-human pair are shown as correlation matrices in (g), (h) and (i) for images of validation set 1 (N = 15), validation set 2 (N = 15) and validation set 3 (N = 15), respectively can be seen as an acceptable result in view of psychological studies which indicate that humans may overestimate or underestimate angles by up to 10° [28, 29] . There was also considerable variation from expert to expert. For example, the difference between CytoSpectre and expert 3 was only 10.6°± 5.9°while comparison with expert 7 produced a difference of 22.8°± 24.8°. This variation clearly underlines the potential benefits of automated, objective analysis and casts doubts on the reliability of manual measurements relying on a single human observer, as is often the case.
We also analyzed the correlation between the circular variance values estimated by CytoSpectre and the ranking of images performed by the human experts, based on the perceived degree of anisotropy of the myofibrils. We computed Pearson's linear correlation coefficient between the values estimated by CytoSpectre and by each human expert as well as between each possible pair of humans. All 15 images were used for this analysis. The results are visualized as a heatmap of correlation coefficients in Fig. 6g . The linear correlation coefficient between the values estimated by CytoSpectre and the rankings performed by human experts was 0.30 ± 0.43 (mean ± standard deviation) while the linear correlation coefficient between human experts was only 0.18 ± 0.50. While the mean correlation coefficient of 0.30 is rather low, there is considerable variation from expert to expert, similarly to the mean orientation estimates. Many of the human analysts, especially experts 1, 4, 5, 6, 8, 11 and 12 agree with the computational results much more strongly with correlation coefficients of approximately 0.40, 0.71, 0.70, 0.63, 0.65, 0.59 and 0.60, respectively. The remaining experts tend to disagree not only with CytoSpectre but also with each other, highlighting the diversity of ways of perceiving the images and performing scoring. In summary, these results seem to indicate that it is more likely for a randomly selected human expert to agree with the computational results than with another randomly selected human expert. Moreover, the software was able to estimate circular variance values which corresponded well with the majority of manual rankings, while the observed expert-to-expert variation again confirmed the need for objective analysis methods.
Next, we analyzed the second set of fluorescence microscopy images to evaluate the compatibility of the software with different immunofluorescent stainings. The staining used for the images of validation set 2 highlighted the characteristic striated patterns of the myofibrils (see Fig. 6b ). The striations reflect the repeating structure of sarcomeres, which have a size of approximately 2 μm and are delimited by protein structures known as Zdisks [12] . In the power spectrum, sarcomeres appear as a prominent peak constrained within a narrow range of spatial frequencies close to 0.5 μm −1 (or equivalently within a narrow range of wavelengths close to 2 μm). Based on this information about the target structures, we analyzed the detail component using an expected wavelength range of 1.5 to 2.5 μm. Computational results were compared with manual results similarly to the validation set 1 images. Results of the mean orientation comparison are shown in Fig. 6e . Ten images with sufficient anisotropy were retained for this analysis based on the same criterion as with validation set 1. For these images, the difference in computationally and manually estimated mean orientations was 11.3°± 12.0°(mean ± standard deviation) when averaged over all images and experts. The variation from expert to expert was again considerable, with the lowest mean difference of 8.1°± 6.6°observed with expert 5 and the largest mean difference of 20.1°± 20.0°observed again in the case of expert 7. Results of the correlation analysis for computationally and manually estimated measures of isotropy, performed for all 15 images, are shown in Fig. 6h . These results are very similar to the values observed for validation set 1, with Pearson's linear correlation coefficient between circular variance values estimated by CytoSpectre and rankings performed by human experts having the value of 0.36 ± 0.36 (mean ± standard deviation). The corresponding value between human experts was 0.30 ± 0.54. Again, the relatively low mean linear correlation coefficients are largely explained by the remarkable variation among the human experts. The general pattern of the correlation heatmap is similar to the images of validation set 1 i.e., the same experts tended to agree and disagree with the computational results as with the first dataset. These results show that the detail component extraction procedure functions properly also in the case of real images and produces results that most human experts agree with relatively well. Moreover, these results support the idea that CytoSpectre is not limited to a particular fluorescent label but can be used in combination with different stainings.
Validation using real phase contrast microscopy images of hiPSC-derived peripheral sensory neurons
A third set of real images (validation set 3), depicting hiPSC-PSNs, was used to validate the performance of CytoSpectre with a different microscopy technique, namely phase contrast imaging. The hiPSC-PSNs were differentiated from hiPSCs using the methods described in [30, 31] . Differentiated hiPSC-PSNs formed neurospheres which were cut, dissociated and plated on PA6 feeder cells. Samples were imaged with Nikon Eclipse TS100 phase contrast microscope with Imperx IGV-B1620M camera having a pixel size of 7.4 μm. This validation set included 15 images at 10× magnification. An example image is shown in Fig. 6c . A detailed description of the experimental methods is given in Additional file 4. Validation set 3 was analyzed by 13 human experts in a manner similar to validation sets 1 and 2. That is, the experts were asked to visually estimate the mean orientation of the clusters of neurons and to rank the images based on the perceived anisotropy of the cells. Full numerical data and analysis settings for these experiments are provided in Additional file 7.
Since the targets in these images are not clearly limited to a specific range of wavelengths and no significant interfering structures such as nuclei are visible, we analyzed the mixed component using the default settings for cutoff wavelengths. Ten images were retained for the comparison between computationally and manually estimated mean orientations based on the same exclusion criterion employed for the images of validation sets 1 and 2. The distributions of differences between mean orientations estimated by CytoSpectre and the human experts are shown in Fig. 6f . The difference averaged over all images and experts was 15.4°± 17.4°(mean ± standard deviation), with the smallest mean difference of 11.9°± 14.9°observed with expert 9 and the highest mean difference of 19.8°± 23.9°observed with expert 5. Results of the correlation analysis for the estimated isotropy are shown in Fig. 6i . This analysis was again performed for all 15 images. The degree of agreement over the isotropy was high both between CytoSpectre and human experts and also between pairs of humans. Pearson's linear correlation coefficient between computational and manual values was 0.72 ± 0.15 (mean ± standard deviation). The correlation coefficients between human experts were again slightly lower with a corresponding value of 0.67 ± 0.24. Overall, the results indicate that CytoSpectre is not limited to fluorescence microscopy but is also suitable for phase contrast imaging. Moreover, we have no theoretical or practical reasons to doubt the compatibility of the software with images captured using other 2D microscopy techniques, although only fluorescence and phase contrast images have been systematically evaluated thus far. This experiment also confirmed that the results obtained on a subcellular level for the images of cardiac myofibers can be generalized to images with different cell types and structures on a different scale.
Comparison with existing software
As we are not aware of any existing freely available software aimed for spectral analysis of microscopy images, we benchmarked CytoSpectre against FibrilTool [1] , a recently published orientation analysis plug-in for the popular ImageJ [18] . While FibrilTool cannot be used to estimate any wavelength statistics, we could still compare the orientation analysis capabilities of the two methods. FibrilTool allows the estimation of mean orientation and anisotropy of structures within userspecified regions of interest (ROI) on the basis of nematic tensors. For each image, we used an ImageJ macro to select the complete image as a ROI, because CytoSpectre analyzes the whole images as well. The default line width setting of one was used for all images, as suggested in the FibrilTool paper [1] . We applied Fibril-Tool in this manner for the first 100 images from each synthetic image dataset first without any degradation and then with moderate amounts of blurring (Gaussian kernel standard deviation 2.5 pixels), Gaussian noise (normalized variance 1 %) or Poisson noise (level 10). The total number of images to analyze was thus 400 per dataset, i.e., 800 in total. We used these subsets of images instead of the complete datasets because Fibril-Tool requires manual operation and analyzing 800 images in total, instead of 8000 images, was still feasible. The mean orientations estimated by FibrilTool were adjusted to follow the CytoSpectre angle convention (0°-180°), allowing a direct comparison. In the case of the fibril dataset, we observed that FibrilTool often detects the orientation parallel to the fibril subunits as the main orientation. This orientation is perpendicular to the actual orientation of the fibrils and we noted that the mean orientation error can be lowered by applying a correction of 90°. This correction was thus performed for all main orientations estimated by FibrilTool for this dataset. For the synthetic images of cell clusters, this adjustment was not necessary due to the absence of such problematic structures in these images. In contrast to CytoSpectre, FibrilTool does not estimate the circular variance for each ROI but instead an anisotropy index, which is a measure of anisotropy rather than isotropy. However, as both measures are defined in the range of 0 to 1, we simply obtained an isotropy index for each ROI as the complement of the corresponding anisotropy index (i.e., unity minus the anisotropy index). The resulting values are then directly proportional to circular variance, even though the numerical values of the two measures are not necessarily identical. Full FibrilTool outputs for the synthetic images are provided in Additional file 8.
Next, the results obtained by CytoSpectre in the manner described in the previous sections were compared with the results produced by FibrilTool. We again used the mixed component parameters in the case of the cell cluster dataset and the detail component parameters for the fibril dataset. For each dataset and type of image degradation, we calculated the mean and standard deviations of the absolute main orientation errors in degrees for both CytoSpectre and FibrilTool. Paired, two-sided Wilcoxon signed rank tests were performed for each case to evaluate the statistical significance of any differences between the orientation errors produced by the two tools. Similarly for each dataset and degradation type, we computed Pearson's linear correlation coefficient between the true circular variance and the estimated measure of isotropy i.e., circular variance in the case of CytoSpectre and isotropy index in the case of FibrilTool. The resulting values are shown in Table 3 for the cell cluster dataset and in Table 4 for the fibril dataset. In the case of non-degraded or blurred images of the cell cluster dataset, FibrilTool produces main orientation estimates with slightly lower mean error than CytoSpectre. However, in both cases the difference is less than one degree, which probably does not have any practical significance in most applications. Moreover, in the case of the non-degraded images, the difference is not statistically significant at the 1 % significance level. As observed also in the image quality degradation experiment for both synthetic image datasets, the main orientation estimates of CytoSpectre are almost unaffected by blurring or noise. The corresponding estimates of FibrilTool are more sensitive towards image quality degradation, although in the case of the cell cluster dataset, blurring is tolerated well. In the case of added noise and for the fibril dataset in general, the main orientation estimates of CytoSpectre compare favorably against those of FibrilTool. The differences between the orientation errors produced by the two tools were statistically significant at the 1 % significance level in all cases except the non-degraded images of the cell cluster dataset. For the isotropy estimates, CytoSpectre obtained higher correlation coefficients than FibrilTool in all of the test cases for both datasets. However, the difference was less pronounced for the non-degraded and blurred cell cluster images.
We also compared the performance of CytoSpectre and FibrilTool in the case of the three sets of real images described in the previous sections. The results already obtained by CytoSpectre in the validation experiments were used also for this comparison. Analysis of the real images using FibrilTool was performed similarly to the synthetic images, that is, by selecting the entire image as a ROI and by using the default line width settings. The adjustments applied to the orientations and anisotropy values estimated by FibrilTool were performed as described above for the synthetic images. Full FibrilTool outputs for the real images are provided in Additional file 7. As in the case of the validation experiments described in the previous sections, we compared the mean orientations and isotropy values estimated using FibrilTool to the mean orientations and anisotropy rankings performed by human experts for each validation set. We computed the mean and standard deviation of the absolute orientation errors over all experts (N = 12 for validation sets 1 and 2, N = 13 for validation set 3) and all images (N = 11 for validation set 1, N = 10 for validation sets 2 and 3) for each tool and each validation set. The number of images used for these evaluations is lower than the total number of images in each validation set (N = 15) due to the exclusion of highly isotropic images for which quantification of mean orientation is meaningless, as described in the previous sections. To evaluate the coherency of the computational and manual estimates of isotropy, Pearson's linear correlation coefficients were calculated between the anisotropy rankings performed by each human expert and the circular variances and isotropy indices estimated by CytoSpectre and FibrilTool, respectively. The mean and standard deviation of the correlation coefficients obtained for each method were computed over all experts in order to compare the performance of the two tools. Finally, we used the paired, two-sided Wilcoxon signed rank test to assess the statistical significance of differences in the orientation errors and correlation coefficients obtained for CytoSpectre and FibrilTool. The results of this experiment are summarized in Table 5 .
For all three sets of real images, the mean errors between computational and manual estimates of mean orientation obtained for CytoSpectre were lower than the corresponding values of FibrilTool. The difference was statistically significant at the 1 % significance level in all three cases, but the most remarkable difference was observed in the case of validation set 2. For these images, the orientation error of CytoSpectre was approximately 11.3°± 12.0°(mean ± standard deviation) while it was 42.0°± 31.2°for FibrilTool. For validation set 1, the difference in the mean errors of the two tools was approximately five degrees, and less than one degree for the phase contrast micrographs of validation set 3. Absolute errors in degrees (mean ± standard deviation) between true mean orientation values and values estimated by CS and FT are shown for images of the cell cluster dataset (N = 100) without degradations, with moderate blurring (kernel std 2.5 pixels), with moderate Gaussian noise (var. 1 %) and with moderate Poisson noise (level 10). Paired, two-sided Wilcoxon signed rank tests were performed to compare the orientation errors of CS and FT and the resulting p-values are given for each case. Pearson's linear correlation coefficients between true and estimated measures of isotropy are also shown for the corresponding cases
The mean linear correlation coefficients between the manual and computational measures of isotropy were almost identical for the two tools in the case of validation set 1. In the case of validation set 2, the mean correlation coefficient of CytoSpectre was considerably higher than that of FibrilTool, but the difference was not statistically significant at the 1 % significance level. In the case of validation set 3, CytoSpectre again outperformed FibrilTool and the difference reached statistical significance at the aforementioned significance level.
In summary, we found the accuracy of CytoSpectre to be comparable to that of FibrilTool for the cell cluster dataset without any added noise. However, even if the accuracy of the two methods is similar in this case, FibrilTool requires approximately 20 s of manual operation per ROI [1] , which could mean minutes of labor for a single image in the case of multiple ROIs. In contrast, CytoSpectre only requires a few seconds of computation time per image, freeing the user for other tasks during an analysis run. In the presence of Gaussian or Poisson noise, CytoSpectre performed better than FibrilTool in terms of mean orientation error and linear correlation between the true circular variance and the estimated measure of isotropy. In the case of the fibril dataset, CytoSpectre outperformed FibrilTool in all cases. One of the main difficulties for FibrilTool in the images present in the fibril dataset is probably the shape of the fibril subunits, as they have variation in intensity also along the longitudinal orientation of the fibrils. The contributions from intensity gradients along the longitudinal and transverse orientations cannot be easily separated from each other in the spatial domain. Another issue present in many real images that is incorporated into the synthetic images of this dataset is the presence of interfering structures. The nucleus and the exterior of the cell's cytoplasm also contribute to the orientation distribution estimated by FibrilTool and they too cannot be separated from the actual targets of interest in the spatial domain, unless some kind of segmentation steps are introduced. This separation is possible in the frequency domain, allowing CytoSpectre to obtain better results for such images. On the other hand, the cell cluster dataset does not feature such interfering structures and this advantage of spectral analysis does not bring any added benefit for CytoSpectre in that case. It is therefore not surprising, that the results produced by the two methods are very similar for that dataset, although CytoSpectre still appears to be less sensitive to noise.
The results obtained using real micrographs are rather similar to those based on synthetic images. From the viewpoint of statistical significance, the mean orientation estimates of CytoSpectre were clearly superior to those of FibrilTool for all three validation sets. In the case of Absolute errors in degrees (mean ± standard deviation) between mean orientation values estimated by human experts (N = 12 for validation sets 1 and 2, N = 13 for validation set 3) for the images of each validation set (N = 11 for validation set 1, N = 10 for validation sets 2 and 3) and values estimated by CS and FT are shown. Pearson's linear correlation coefficients (mean ± standard deviation) between anisotropy rankings estimated by human experts (N = 12 for validation sets 1 and 2, N = 13 for validation set 3) and measures of isotropy estimated by CS and FT are also shown for the images of each set (N = 15 for all validation sets). Paired, two-sided Wilcoxon signed rank tests were performed to compare the orientation errors and correlation coefficients of CS and FT and the resulting p-values are given validation set 1, CytoSpectre outperformed FibrilTool in terms of mean orientation error by several degrees. Validation set 2, consisting of images of hiPSC-CMs with their intracellular fibrils, proved to be very challenging for FibrilTool, resulting in a mean error over 30°higher than that of CytoSpectre. The difficulties encountered by FibrilTool when analyzing this set were probably due to the same reasons as those observed in the case of the synthetic fibril dataset, as discussed above. In the case of validation set 3, the magnitude of the difference, although in favor of CytoSpectre, is so small that it does not probably have any practical significance. This result resembles the case of the non-degraded and blurred images of the synthetic cell cluster dataset, in which case the small but statistically significant difference was in favor of FibrilTool. The synthetic images of the cell cluster dataset and the real images of validation set 3 both feature relatively homogeneous content, which appears to suit FibrilTool better than the images containing more distinct fibrillar structures. Results concerning the isotropy estimates produced by the two tools also varied from dataset to dataset. In the case of validation set 1, the performance of CytoSpectre was essentially identical to FibrilTool but for the other two datasets, CytoSpectre had a slight performance advantage, although the difference was not statistically significant in the case of validation set 2. Based on this experiment with real images, the results produced by CytoSpectre match subjective evaluations at least as well as those produced by FibrilTool, and in some cases CytoSpectre is clearly superior to FibrilTool. Of course, reliability of the subjective evaluations as a gold standard can be questioned in light of the considerable expert-to-expert variation observed in the validation experiments. The experiments based on synthetic images are not affected by this issue but they, on the other hand, cannot necessarily replicate all of the characteristics of real micrographs. Finally, it should be noted that this comparison is not perfectly fair, since FibrilTool and CytoSpectre are based on quite different philosophies. FibrilTool allows (and requires) users to manually select ROIs and careful selection of these regions could probably improve the results when compared to our approach of selecting the entire image as a ROI. CytoSpectre, on the other hand, is meant to be used in automated fashion for analyzing large quantities of images with varying quality. This automated, high-throughput approach is reflected in the experimental setting of this comparative analysis, as manual selection of ROIs would have been unfeasible for such a large number of images and would have introduced human error into the results. With this in mind, we conclude that CytoSpectre appears to be superior to FibrilTool for such large-scale analyses. Still, the possibility of performing highly accurate measurements of mean orientation on carefully selected ROIs probably makes FibrilTool suited for particular types of experiments.
Analysis of computational performance
In order to evaluate the computational performance of CytoSpectre, we benchmarked the software in terms of computation time required for images of different size. For this experiment, we used all of the real images (N = 15 per dataset) from validation sets 1, 2 and 3 as well as the first 15 images from each of the two synthetic image datasets. CytoSpectre's default analysis settings were used for all datasets in this experiment. We used bilinear interpolation to scale the images to different sizes ranging from 500 × 500 pixels (0.25 megapixels) to 5000 × 5000 pixels (25 megapixels) before running the benchmarking experiment for each case. Benchmarking was performed using MATLAB's timeit function, which runs the code multiple times for each input and stores the median time required for the computations. The analysis was performed using a 64-bit Windows 7 laptop PC equipped with an Intel Core™ i5 processor. The evaluation was applied to the main analysis function of CytoSpectre, which includes all of the actual processing and analysis steps performed for each image. The computation time required for updating the GUI is thus not included in these results. However, the GUI operates in essentially real time and the contribution of the computations required by the GUI on the overall computation time is negligible.
The computation times (mean ± standard deviation) in seconds for each dataset and image size are shown in Table 6 . Some variation from dataset to dataset can be observed, but the computation time does not seem to depend heavily on the dataset, that is, on image content. As could be expected, the required computation time increases with increasing image size, but the increase is not dramatic for moderate image sizes (up to 9 megapixels). Based on these results, the computation times required for images of this size are typically 2-3 s. For the 16 megapixel and 25 megapixel images, the mean computation times were approximately 7-10 s. These results indicate that CytoSpectre can be used to study even relatively large datasets on basic hardware with acceptable computation times.
Case study: effects of mechanical stretching on hiPSCderived cardiomyocytes
To demonstrate the software in an actual use case, we applied CytoSpectre to a real experiment featuring mechanically loaded hiPSC-CMs. After Yamanaka's Nobel winning breakthrough iPSCs have been widely used in disease modeling and drug screening [32] [33] [34] [35] .
Despite the advances in the field, cultured hiPSC-CMs are lacking in some functional and structural properties in vitro. In fact, they are considered to be immature, more fetal-like, than those found in adult tissue [36, 37] . Therefore, research on improving the maturity of these cells has become a hot topic lately [12, 13] . It has been shown that mechanical stress can promote the orientation and presumably also the maturation of hiPSC-CMs [38] . In this study, we investigated the effect of cyclic uniaxial mechanical stretching on hiPSC-CMs' orientation with six different hiPSC lines. Generation and culturing of hiPSC lines, cardiac differentiation and mechanical loading with Flexcell® (Burlington, NC, USA) are described in detail in Additional file 4. CytoSpectre was used to analyze the mean orientations of cells in a large quantity of fluorescence microscopy images acquired from both control and stretched samples (see Fig. 7 for example images). Mixed component from the red channel, representing Alexa Fluor 568 secondary antibody against Troponin T or α-tropomyosin (both thin filament sarcomeric proteins), was analyzed from the images. Cells with circular variance exceeding 0.9 were excluded from the rest of the analysis, since mean orientation is not a meaningful quantity for highly isotropic distributions. Using the obtained mean orientation values describing the dominant orientation of each cell, we computed the mean orientation over all cells for each sample i.e., for each cell line and each culture condition (control vs. stretched). We also computed the circular variance of the cellular orientations for each sample. Watson-Williams tests were then performed to compare the control and stretched samples of each cell line. The Watson-Williams test is a circular analogue of the two sample t-test or the one-factor ANOVA and it can be used to assess the question whether the mean directions of two groups are identical or not. The calculations were performed using the CircStat toolbox [22] . The raw data and analysis settings can be found in the Additional file 9.
The results in Table 7 and Fig. 7 show that the mean orientation of the hiPSC-CMs subjected to stretching changes towards an axis that is perpendicular (orientation of 90°) to the axis of applied stress (horizontal i.e., orientation of 0°or 180°), when comparing to control samples. This result holds for five out of the six cell lines studied. In one cell line, UTA.02912, the observed change in mean orientation was opposite compared to the other lines. Also, we observed that circular variance decreased when comparing stretched samples to control samples. That is, cells subjected to stretching not only orientated towards a particular axis but their orientations were also concentrated more strongly along this particular orientation when compared to the more random orientation of cells in control samples. The results of the Watson-Williams tests indicate that the differences between the orientations of control and stretched samples are statistically significant at the 1 % significance level (p < 0.005) for each cell line. These results indicate that cyclic uniaxial stretching orientates the cells compared to static culture conditions. This finding could be relevant for tissue engineering when trying to create native, more mature, orientated myocardial tissue grafts in vitro.
Conclusions
We developed CytoSpectre, a software tool implemented as a standalone MATLAB application, allowing spectral analysis of microscopy images. The tool can be operated via a GUI on basic hardware without prior experience of programming or image processing. Spectral analysis allows users to extract information about the orientation and size distributions of targets within the images. In addition to analyzing complete images, the analysis can be targeted to features of a particular size range in order to obtain information only on these targets of interest while excluding other structures present in the image. Analyses can be performed automatically for large quantities of images and the results can be exported to spreadsheets and text files or plotted as images for further study. We analyzed the performance of the software by extensive simulations using computer-generated images with varying types and levels of image quality degradations and observed high tolerance against realistic amounts of blurring and Gaussian or Poisson distributed noise. The performance of CytoSpectre in the case of real images was validated using fluorescence microscopy images of hiPSC-CMs and phase contrast microscopy images of hiPSC-PSNs. Comparison with manual measurements performed for these images by a large panel of human experts showed that CytoSpectre is not limited to a single microscopy technique or cell type and is able to produce results which are in agreement with the majority of human experts. Furthermore, we observed a great deal of variation from expert to expert, underlining the need for automated computational tools such as CytoSpectre. We benchmarked CytoSpectre against FibrilTool [1] , a state-ofthe-art orientation analysis tool, using both synthetic and real images. In the case of synthetic images featuring simple targets without any degradation in image quality, CytoSpectre offered accuracy comparable to that of FibrilTool with the important added benefit of rapid, fully automated The radial distance from the origin corresponds to the number of images whose mean orientations were within the limits of the corresponding orientation bin operation. For synthetic images with degraded quality or more realistic targets, CytoSpectre outperformed FibrilTool also in terms of accuracy. In the case of real images, CytoSpectre produced mean orientation estimates with accuracy superior to those of FibrilTool. The accuracy of estimated isotropy measures was either superior to or on a par with those of FibrilTool, depending on dataset. Finally, we demonstrated the software in a real experiment by analyzing images of hiPSC-CMs subjected to cyclic uniaxial stretching. The results of this experiment suggest that stretched hiPSC-CMs orientate along an axis that is transverse to the orientation of stretching, a finding which could have relevance for tissue engineering applications. We hope CytoSpectre will be useful in various applications where the orientations and/or size distributions of biological structures are of interest. The main benefits offered by the software are the high level of automation, ease of use, versatility in terms of applications and good tolerance against degraded image quality. Since the software is compatible with any kind of 2D images, it could also be useful in biology related or even non-biological applications benefiting from spectral analysis such as (bio)materials research [9, 39] or geophysics [40] . 
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